Background. Preference elicitation techniques such as time trade-off (TTO) and standard gamble (SG) receive criticism for their complexity and difficulties of use. Ordinal techniques such as discrete choice experiment (DCE) are arguably easier to understand but generate values that are not anchored onto the full health-dead 1-0 qualityadjusted life-year (QALY) scale required for use in economic evaluation. Methods. This article compares existing methods for converting modeled DCE latent values onto the full health-dead QALY scale: 1) anchoring DCE values using dead as valued in the DCE and 2) anchoring DCE values using TTO value for worst state to 2 new methods: 3) mapping DCE values onto TTO and 4) combining DCE and TTO data in a hybrid model. Models are compared using their ability to predict mean TTO health state values. Data. We use postal DCE data (n = 263) and TTO data (n = 307) collected by interview in a general
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Standard cardinal techniques for eliciting preferences for health states are time trade-off (TTO), standard gamble (SG), and visual analog scale (VAS). There has been much debate in the literature regarding the best technique. TTO and SG have been regarded by many as superior to VAS for eliciting preferences since they are based on choices that involve sacrificing (i.e., requires the respondents to express a willingness to trade). Given that certain assumptions hold, TTO and SG have been shown to elicit values from an underlying utility function. 1, 2 However, SG and TTO have been criticized for being too complex for many respondents. This has led to increasing interest in the use of ordinal techniques, such as pairwise discrete choice experiment (DCE), in which respondents choose between 2 health states, and best-worst scaling (BWS), in which respondents choose the best and worst attributes of a health state, including application of BWS to measures of capabilities 3 and social care outcomes. 4 DCE has recently gained popularity for eliciting health state utility values to inform the scoring systems for preference-based measures of health. A small number of studies have applied DCE to value health states, 5-10 but the majority of these have not anchored values on the full health-dead QALY scale. DCE values can be modeled using regression analysis to produce preference weights for each severity level of each dimension in the classification system, but these coefficients are expressed on a modeled latent utility value that has arbitrary anchors. Some studies anchor values onto a 1-0 best state-worst state scale, 5, 9 but this is dependent on the specific dimensions and severity levels included in the classification system and not on the QALY scale. For health care programs in which survival and quality of life are important outcomes, this method will not be sufficient as values must be on the full-health dead QALY scale to generate a single outcome measure for cost-effectiveness assessments.
Existing DCE studies have anchored modeled latent utility values onto the full-health QALY scale using 3 methods. The first method uses the TTO value for the worst health state defined by the classification system. 10 The second method includes a dead state into pairwise DCE tasks and estimates an additive regression model that includes a dummy variable for dead. 7 The regression coefficients are normalized onto the full health-dead scale by dividing the coefficient on each level by the coefficient on the dead dummy variable. This method has been criticized 11 as many respondents do not see any of the states described by the classification system as worse than being dead. While the proportion who do not regard any state as worse than dead was only 15% in the UK valuation of the EQ-5D, it can be more than half (e.g., 66% for SF-6D), and for these respondents, the appropriateness of this method is more questionable. The third method incorporates duration into the DCE task. 12, 13 The second and third methods have the advantage that they enable the DCE data to be anchored onto the 1-0 full health-dead scale with no further information required. However, in the third method, the addition of duration as one of the attributes makes the DCE task more complex and means an even larger amount of information is involved in a single pairwise task. This third method is not included in this study.
The aim of our article is to compare existing methods for anchoring DCE values onto the full healthdead QALY scale to 2 new methods proposed here. It uses a data set from a general population valuation study of an asthma-specific measure (AQL-5D) using TTO and DCE. The alternative methods being compared are existing methods: 1) anchoring the modeled DCE latent variable using dead as valued in the DCE, 2) anchoring the modeled DCE latent variable using the TTO value for the worst state, and new methods: 3) mapping the modeled DCE latent variable onto TTO and 4) combining DCE and a sample of TTO data in a hybrid model. It is hypothesized that the 2 new proposed approaches that make better use of the DCE and TTO elicitation techniques and data will provide promising alternatives to the existing methods used in the literature.
METHODS

Health State Description
Health states are described using an asthmaspecific preference-based measure, AQL-5D, 14 derived from the Asthma Quality of Life Questionnaire. 15 The AQL-5D has 5 dimensions: concern about asthma, shortness of breath, weather and pollution stimuli, sleep impact, and activity limitations. Each dimension has 5 levels of severity to define a total of 3125 health states (see Table 1 ). Health states consist of 1 severity level per dimension; for example, the worst state, state 55555, is made up of the most severe level of each dimension.
Valuation Surveys
Interview
Interviews were undertaken to elicit health state utility values for a selection of AQL-5D states using TTO from a representative sample of the general population. Respondents were interviewed in their own home by trained and experienced interviewers. At the start of the interview, respondents were informed about asthma using an information sheet. To familiarize respondents with the system, respondents who had asthma were asked to complete the health state classification system for themselves; respondents who did not have asthma were asked to complete the health state classification system for someone they knew who had asthma or to imagine somebody with asthma. Respondents were then asked to rank 7 intermediate states, full health (health state 11111), worst state defined by the health state classification (health state 55555), and immediate death.
Respondents then valued a practice state using TTO, and this was followed by valuation of the 7 intermediate states and the worst state using TTO, with an upper anchor of measure-specific full health (health state 11111). The survey used the Measurement and Valuation of Health (MVH) study version of TTO, including a visual prop designed by the MVH group (University of York; see Appendix A), 16, 17 which determines the point at which respondents are indifferent between 10 years in the impaired health state and x years in state 11111. For states regarded as worse than dead, indifference is determined between death and y years in the impaired health state followed by x number of years in state 11111 (where x 1 y = 10). Respondents were then asked questions about their socioeconomic characteristics and health service use, how difficult they found the rank and TTO tasks, and finally whether they were willing to participate in a postal survey (described below). Respondents were not allowed to change their answers to any questions.
The classification system describes too many states for valuation. A sample of states was selected for valuation to enable the specification of an additive regression model estimating preference weights for all severity levels of each dimension in the classification system, using level 1 as the baseline. Health states were selected using a balanced design, which ensured that every level of every dimension had an equal chance of being combined with each severity level of the other dimensions. The design selected 98 health states, which were then randomly stratified into mixed-severity groups of 7 states based on their summed severity score (summing the scores on all 5 dimensions, e.g., 22222 has a severity score of 10). These combinations of 7 states made up the card blocks used in the interviews, to ensure each intermediate state was valued an equal number of times and that respondents valued states with a wide range of severity. The worst state was valued by all respondents to increase accuracy for this value and enable responses to be compared across groups of respondents valuing different intermediate states. The ordering of health states in the rank and TTO tasks was random for each respondent. The sample size was selected to ensure that each health state was valued a minimum of 20 times.
Postal Survey
Interviewees who had stated in the interview that they were willing to complete a postal survey were mailed a postal DCE questionnaire approximately 4 weeks after the interviews. The questionnaire was Overall, not at all limited with all the activities done 2. Overall, a little limitation with all the activities done 3. Overall, moderate or some limitation with all the activities done 4. Overall, extremely or very limited with all the activities done 5. Overall, totally limited with all the activities done also mailed to a sample of the general public who had not been previously interviewed. At the start of the survey, respondents were asked to complete the health state classification system for themselves to help become familiarized with the classification. Respondents were then asked a practice pairwise comparison question followed by a series of 8 pairwise comparisons, where for each comparison, respondents were asked to indicate which health state they preferred. An example is provided in Figure 1 . Finally, respondents were asked questions about their sociodemographic characteristics. Reminders were sent to all nonresponders approximately 4 weeks after the initial questionnaire was sent.
Combinations of health states for the pairwise comparisons were selected using the D-efficiency approach using a specially developed program 18 in statistical software SAS. The program selected 24 pairwise comparisons, which were randomly allocated to 4 questionnaire versions each with 6 comparisons. Each questionnaire also included 2 identical pairwise comparisons comparing a severe health state (state 44355) and the worst health state to immediate death. The number of questionnaires mailed out was determined using a targeted sample size, ensuring that each pair of profiles was valued a minimum of 20 times 19 and expected response rate alongside funding constraints.
Modeling Health State Values TTO
TTO data were analyzed using a 1-way error components random effects model via generalized least squares. This takes account of the structure of the data as each respondent valued multiple health states. 20 The model specification was
where U ij represents TTO disvalue (1 -TTO value) for health state j = 1, 2 . n valued by respondent i = 1, 2. m, X i represents a vector of dummy variables for each level l of dimension q of the health state classification system where level l = 1 is the baseline for each dimension and e ij is the error term. The error term is subdivided e ij 5 u i 1 e ij , where u i is the individual random effect and e ij is the usual random error term for the jth health state valuation of the ith individual. Other models estimated using this data are reported elsewhere. 21 DCE DCE data were modeled to produce cardinal utility estimates on a latent utility scale. The DCE data were modeled using effects coding using a random effects probit model, which takes account of the structure of the data, in which each respondent valued multiple states, using an additive specification as outlined in eq 1. 10 First, all DCE data including data for the pairwise comparisons involving the state ''dead'' were modeled using a random effects probit model. 7 The model specification was
where U ij represents the utility for health state j = 1, 2 . n valued by respondent i = 1, 2 . m, X i represents a vector of dummy variables for each level l of dimension q of the health state classification system, D represents a dummy variable for the state ''dead,'' and e ij is the error term. Second, coefficients for each level of each dimension were normalized by dividing by the coefficient of the dead dummy variable: b rlq 5 b lq= F , where b rlq is the rescaled coefficient for level l of dimension q, b lq is the coefficient for level l of dimension q, and F is the coefficient for the dead dummy variable (see ref. 7 for use of this technique in DCE data and refs 22 and 23 for use of this technique in rank data).
Method 2: Anchoring the Worst State Using TTO
This means that the value of the worst state in the DCE model is anchored at the TTO value of the worst state. The coefficients on a latent utility scale estimated in the random effects probit model of the DCE data were normalized onto the full health-dead scale using the estimated TTO value of the worst state. This is achieved using b rlq 5 b lq :w TTO = w DCE , where b rlq is the rescaled coefficient for level l of dimension q, b lq is the coefficient for level l of dimension q, w TTO is the estimated TTO value for the worst state generated using the TTO model specified in eq 1, and w DCE is the DCE value for the worst state estimated using the DCE model specified in eq 1.
Method 3: Mapping DCE onto TTO
Mapping is a method often used to estimate utility values for a clinical trial (or other study of interest) when the utility measure of interest was not included. This is achieved by predicting utility values for the clinical trial using the statistical relationship between data that were included in the trial and the preferred utility measure estimated in an external data set (see ref. 24 for a recent review of mapping). This mapping approach is used here to estimate TTO values for all states using modeled latent DCE values for all states.
The probit model estimated on DCE data generates values on a latent utility scale for all 3125 states. Ninety-nine of these states also have mean TTO values collected from the interviews. The simple mapping function from TTO to DCE was specified as
where TTO j represents the mean TTO value of health state j, DCE represents the modeled latent utility value for health state j, and e j is the error term. The first specification assumes a linear relationship with an intercept, and then squared and cubic terms were added to see whether model performance was improved. Estimation was undertaken using ordinary least squares on the mean health state values. One purpose of this mapping might be to predict TTO values from DCE based on a mapping function estimated on TTO values for a small subset of states. For practical reasons, the smaller the subset the better, as this reduces the sample size of the TTO data, which can be expensive and time-consuming to collect. To explore the impact of subset size, we examined mapping functions estimated from 10, 19, and 99 states. Method 3a used 10 health states selected by ordering latent DCE utility estimates by severity (using the modeled DCE latent estimate) from mildest to most severe and selecting the states valued 1st, 11th, 22nd, 33rd, 44th, 55th, 66th, 77th, 88th, and 99th. Method 3b used 19 states, supplementing the states used in method 3a by states valued 6th, 16th, 27th, 38th, 49th, 60th, 71st, 82nd, and 93rd. The rationale for choosing 10 and 19 states was logistical; these states can be easily valued by respondents using TTO. The study design for method 3a requires respondents to value all 10 states using TTO; the study design for method 3b requires respondents to value 10 states, consisting of 9 states plus the worst state using 2 different card blocs in the interviews. Method 3c used all 99 states to examine the degree of improvement from increasing the number of states valued by TTO up to the number required to estimate a well-specified TTO algorithm.
Method 4: Hybrid Models
The generalized linear regression on the TTO data and the probit regression on the DCE data contain a similar linear component, x9b, underlying the TTO values and pairwise choices. This method assumes that this component, which reflects the weight given to the dimensions and labels, is the same between both models. This approach estimates the parameters by creating just 1 likelihood function that is the product of the likelihood of the TTO data and the likelihood of the DCE data. When optimizing this joint distribution, one additional parameter is included that allows both models to differ up to a monotonic transformation and allows the variability to be different. This is done by a single parameter relating both linear functions with each other and by assuming different variances for the heterogeneity (or errors) in the TTO data and the DCE data. The hybrid method has similarities to information integration theory, which ''refers to the process whereby the psychological values of several stimuli are combined to produce a single impression.'' 25 Here, there are 2 elicitation methods that use different techniques to elicit utility values that represent the underlying preferences of each individual. The elicited TTO and DCE values are collectively modeled in a hybrid model to jointly inform the estimation of the modeled utility value, where TTO values provide cardinal information and DCE values provide ordinal information.
We present a random effects approach and a fixed effects approach to estimation. The likelihood of the fixed effects model is much easier to program (in R) and optimize than that of the random effects equivalent. For this reason, a Bayesian method is used for the latter using WinBugs to obtain estimates of the parameters for the random effects case. Within the Bayesian model, we choose noninformative priors, which will generally lead to the same parameter estimates as a non-Bayesian approach. Methods 4a, 4b, and 4c use individual-level TTO data for the states selected in method 3 and all DCE data. Further technical details are presented in Appendix B.
Comparison of Models
There is no gold standard with which to compare the performance of these models. However, where the aim is to predict TTO values, there will be interest in the degree of agreement between the values predicted by these 4 methods and observed TTO values. Agreement was assessed using mean absolute difference (MAD) between observed TTO and predicted health state utility values at the health state level and root mean squared difference (RMSD) at the health state level and number of states where MAD is greater than 0.05 and 0.1, respectively. Predictions from the 4 methods (and their variations) were plotted alongside mean observed values for the 99 states valued by TTO.
RESULTS
The Data
The TTO data set contains 307 successfully conducted interviews, providing a response rate of 40% for suitable respondents answering their door at the time of the interview. Each intermediate health state was valued 19 to 22 times, and the worst state was valued 307 times. The distribution of TTO values was negatively skewed, and mean TTO values for the 99 health states ranged from 0.39 to 0.94. Further details are reported elsewhere. 21 The DCE data set contains 263 successfully completed postal surveys. Of the 307 respondents who were interviewed, 168 returned postal DCE questionnaires (55%). Of the 400 households receiving the postal questionnaire who were not previously interviewed, 95 returned questionnaires (24% return rate). Data from all respondents have been pooled since previous analyses showed no significant difference between them. 7 Table 2 reports the sociodemographic composition of the TTO and DCE samples. Both samples are similar, but the TTO sample is younger and healthier, with a higher proportion of males. Self-reported health status using EQ-5D 16 was similar for each sample to the UK EQ-5D norms of 0.85 for females and 0.86 for males. 26 The age distribution is significantly different across the 2 samples. No respondents were excluded from the analyses. Table 3 reports the model estimated on TTO data. The majority of coefficients were negative, and the size of coefficients monotonically increased with more severe levels of each dimension. Three coefficients were positive but small and statistically insignificant. 
TTO Model
DCE Model
The DCE model producing latent DCE estimates that are unanchored onto a full health-dead 1-0 scale is reported in Table 3 . Estimated coefficients for both methods had 4 inconsistencies: level 2 of concern, breathlessness, and pollution and level 3 of pollution, although only level 2 of pollution was statistically significant.
Methods 1 to 2: Anchoring
Method 2 anchors the latent DCE estimates, and the results have the same nonmonotonic coefficients as the latent estimates for level 2 of concern, breathlessness, and pollution and level 3 of pollution (Table  3 ). For the 2 anchor-based methods, the pattern of coefficients was similar and mostly consistent with the levels of the dimensions (apart from the pollution dimension). The most noticeable differences were at the lower end of the dimensions for concern, short of breath, sleep, and activities where method 1 produced larger coefficients than method 2 and the TTO model.
Method 3: Mapping
The DCE coefficient is negative and significant across all 3 models ( Table 4 ). The size of the intercept and the gradient associated with the latent DCE value are similar across models using TTO data collected for 10, 19, and 99 health states (models 3a, 3b, and 3c, respectively). Plots of TTO and DCE data indicated a linear relationship. 7 The inclusion of squared and cubic terms was explored, but these variables were insignificant and did not improve model performance.
Method 4: Hybrid Models
Results for method 4 are reported in Table 5 using both a common likelihood function and a Bayesian method. Overall, the coefficients are similar to the TTO model reported in Table 3 . Coefficients were larger for sleep and activity level 5 than in the TTO model, as also found for the anchor-based models. There was a tendency for the coefficients to move in the direction of the anchor-based models, with larger coefficients for concern, sleep, and activity levels 5, but this was less marked and was not the case for breathing. This tendency was greater for the 2 models with subsamples of TTO-valued states. For the likelihood model estimates using TTO data for 10 and 19 states alongside all DCE data, there are 3 inconsistencies, although none are significant. The comparable models estimated using the Bayesian method have 4 and 5 inconsistent coefficients, and these are significant for level 2 weather and pollution using method 4 and level 2 short of breath and level 2 sleep using method 4c. The inconsistent coefficient for level 2 of the weather and pollution dimension was also found in the models estimated using methods 1 and 2 but is significant only in model 4. This suggests that respondents may not have a difference in preference for levels 1 and 2 for the weather and pollution dimension, meaning that it is acceptable to merge level 2 with the reference level for this dimension.
Comparison of Methods
The smallest difference between predicted and observed mean TTO health state values measured using MAD and RMSD was methods 3c and 4c. However, simple mapping functions using 10 and 19 mean TTO health state values produced similar levels of agreement. Hybrid models estimated using TTO values for 10 and 19 states produced larger differences with models using the likelihood method than the Bayesian method. Method 2 was the closest of the anchor models. These differences can be seen in Figure 2 . Method 3 produced the utility estimates that best follow most closely the pattern of observed TTO values. Method 1 underestimates at the lower end of the scale. Method 2 overestimated the value of most states. Method 4 overestimated values for the majority of health states but to a less severe extent than method 2.
DISCUSSION
This article explored 2 new methods for converting modeled DCE latent values for a health state classification system onto the full health-dead 1-0 QALY scale and compared these to existing methods from the literature. The first new method mapped modeled DCE latent values onto TTO values. The second method estimated utility decrements for each severity level of the classification system by modeling DCE and TTO data together using a hybrid model. These new methods produce utility estimates that are more similar to TTO estimates than existing methods and are arguably more appropriate for anchoring DCE values onto the full health-dead QALY scale. The analysis further explored whether these methods would produce accurate utility estimates for studies involving a small-scale TTO survey alongside a large DCE survey. Both of these new methods produced relatively similar predictions to a larger scale TTO survey under these circumstances. These results have not been compared with the results for DCE with duration as an additional attribute, although future research comparing the mapping and hybrid approaches to DCE with duration is encouraged. These new methods potentially have a useful role in producing values on the QALY scale from DCE and TTO data that make best use of the desirable properties of each elicitation technique and elicited data. DCE has the advantage that the task itself is arguably easy to understand and values are not affected by time preference but requires respondents to simultaneously consider a large amount of information and faces the challenge of how to convert values onto the full health-dead scale. TTO encapsulates the tradeoff between quality and quantity of life but is a complex task and data can be expensive and timeconsuming to collect. Combining these techniques enables large-scale data collection using DCE to be undertaken inexpensively online with small-scale TTO data collected by interview as its usability in an online environment is questionable. There has also recently been interest in using DCE to obtain values from children 27 and elderly users of social care, 28 and these new methods offer a way of using these data to produce values on the QALY scale.
Anchoring methods 1 and 2 used in the literature did not predict TTO as well as the new methods. Method 1 involves the use of pairwise comparisons with the state ''immediate death'' and is an adaptation of a method successfully applied in rank data for several generic preference-based measures. Using SF-6D and HUI2 rank data, the equivalent regression model was able to predict mean SG health state values reasonably well. 22 However, when using EQ-5D rank data, the same model overpredicted TTO health state values, 23 and model 1 estimated here replicated these results. The model has also been criticized since it violates the assumptions of random utility theory for the large proportion of respondents who do not value any state as worse than being dead. 11 However, it may have a role in more severe health state descriptive systems such as EQ-5D. Method 2 anchored the DCE data using a single data point for the TTO value of worst state. This method systematically overestimated values because of its reliance on a single TTO value.
Method 3 used a simple mapping-based approach and achieved good predictions of observed mean TTO health states values. This was largely unaffected when the method was estimated using data sets containing TTO values for only 10 and 19 health states, respectively. Perhaps this is not surprising since it uses mean values and so removes much of the underlying variability. However, there is considerable uncertainty around these mapped mean health state values. This would need further investigation before these results can be used in economic evaluation, for example, using bootstrapping methods to generate confidence limits around these results.
Method 4 used a hybrid model to combine DCE and TTO data and had good model performance. This method is appealing statistically since it makes better use of the data. Method 4 used individual-level data, whereas method 3 used mean-level data, and so method 4 does not suffer from problems associated with having only 10 or 19 data points. Method 3 on mapping has the advantage that it has the lowest MAD from TTO values and is the easiest to implement. However, it must be remembered that method 4 on the hybrid approach is estimated on individuallevel data that are typically noisier than mean-level data, meaning it may not be expected to have as accurate predictions of mean TTO utilities as the mapping method that is estimated using mean-level data. Confidence intervals for method 4 would directly reflect the numbers of observations in each model, whereas for method 3, bootstrapping could be used to calculate the confidence intervals to produce more reliable estimates. In addition, the hybrid approach does not aim to predict the TTO data but is by definition a hybrid of the DCE and TTO data and hence is not necessarily expected to perform well using this criteria. Another finding was that the likelihood model performed better than the Bayesian method across all samples. This hybrid method is one of the methods being used in the new Euroqol Group's valuation protocol for the EQ-5D-5L, since it combines the theoretical advantages of TTO with the greater refinement of DCE, particularly at the upper end of the scale. 29 There is no agreed gold standard method for valuing health states in the field. In this study, TTO has been used as a method for anchoring DCE values, but this evidence is relevant only where the aim is to predict TTO values.
An important difference between DCE and TTO tasks is that the DCE task makes no reference to duration, so it is assumed that the value of a state is independent of duration. The distributional assumptions underlying the DCE values are another source of divergence with TTO values. MacFadden 30 and others developed random utility theory, which postulates that respondents' choices between options A and B in a pair depend on their respective utility plus a random component. The distribution of the error term is used to estimate the latent utility function, and individual deviation from the population mean utility values is treated as an analogue of individual error.
Limitations include the design of the DCE study. The design used a limited number of pairwise comparisons and was based on the Huber and Zwerina 18 design criteria, which, although widely used, do not guarantee optimal designs and on occasion cannot be used to estimate all the main effects of interest. This may have been one reason for some of the nonmonotonicity. More sophisticated approaches to DCE study design using optimal and near-optimal designs are now being recognized and applied in a health care context, 31, 32 and some software can also allocate pairs into questionnaire versions rather than allocating pairs randomly to questionnaire versions (as undertaken here), where respondents may not see a mixture of levels for each dimension. However, a better DCE design is not likely to alter the results of the comparison of different anchoring methods, except that it may improve them to some degree. Method 1 anchored the results using a dead dummy that was based on 2 questions comparing either a severe health state or the worst health state with immediate death. The limited number of states compared with immediate death may have affected the results, but this is unlikely given that the descriptive system does not describe many states that may be thought of as being worse than immediate death, as indicated by the TTO value of the worst state.
Another potential limitation is the use of a condition-specific preference-based measure in this study (see ref. 33 for an overview of conditionspecific preference-based measures). One important question is whether the same relationships would hold for different classification systems. In addition, different results may have been found for the same classification system using a different DCE design and/or a different population; for example, the nonmonotonicity of the pollution dimension may be due to both the preferences of the general population in particular and/or the study design. The use of a condition-specific preference-based measure may mean that these results are not generalizable to other measures, although given that these methods rely on the close relationship between TTO and DCE, it is probable that similar findings would be found for other measures. In addition, preliminary results from valuation work of the EQ-5D-5L suggests that the hybrid method works well. 29 Research recently completed developing and valuing a generic social care outcome measure (ASCOT) with BWS has also found the mapping method to work well, although it has not been compared with other methods. 28 In addition, the upper anchor of 1 at full health may be questioned. All states were valued against an upper anchor of measure-specific full health, state 11111, and whether this is the same as generic full health and whether respondents understood this as equivalent to generic full health is debatable.
A potential limitation of the data set used here is that respondents who valued states using both TTO and DCE (n = 168) always saw the TTO elicitation method first. However, a previous study on this data set found no differences between the DCE values that were elicited from respondents who had previously completed TTO tasks and from respondents who had not previously completed TTO tasks, suggesting that this should not have affected the results reported here. 7 The response rate for the DCE postal survey for respondents who had not previously completed the DCE task is relatively low, at 24%, and it is possible that these respondents may differ from the nonresponders, as it may be that responders had a special interest in the topic. As reported elsewhere, the DCE and TTO samples are similar in the proportion of females, with the DCE sample having a slightly older sample. 7 Ordinal methods such as DCE are an alternative for valuing health state classification systems as they are arguably easier to understand than commonly used cardinal methods of TTO and SG. However, ordinal data have not been widely used to date because of the challenge of anchoring ordinal data onto the 1-0 full health-dead QALY scale. This article explored 2 new methods for anchoring ordinal DCE data onto the 1-0 full health-dead QALY scale using mapping and estimation of a hybrid DCE and TTO model. Both approaches required TTO data, but both predicted TTO data well using TTO data on just 10 health states. These new methods potentially have a useful role in producing values on the QALY scale using both ordinal and cardinal data that make best use of the desirable properties of each elicitation technique and elicited data.
